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Abstract

Consumer-facing language models now retain saved memory across conversations, and memory-
enabled health LLMs trained on longitudinal user data are entering clinical-adjacent use. Because input
text and context strongly shape LLM outputs, we asked whether saved patient memory and preferences
in deployed consumer LLMs change the model's medical recommendation, the language around it, or
both. In 13,176 open patient-facing responses from six frontier LLMs across 36 physician-reviewed,
patient-posed supplement and wellness misinformation queries, memory shifted the recommendation
by only 1.9 to 4.0 percentage points (p=0.12 and p=0.02). The language shifted significantly: responses
became more agreeable, expressed more empathic validation, and framed the supplement more
positively, with agreeable-language constructs rising by 11.7 to 19.4 percentage points (each p<0.001).
Adjustments for response length and for memory-to-response token overlap reduced but did not remove
the surge. The effect localised to one saved cue: the patient's communication preference. Under
simulated patient pushback, models added corrections while the agreeable wrapping stayed in place.
Two physicians independently validated the scoring on a 150-response stratified subsample (pooled
Cohen's k = 0.81). Saved patient memory does not directly change what consumer-health LLMs
recommend. It changes what patients hear.

Main

Consumer-facing large language models (LLMs) now retain memory across conversations (1,2), and
memory-enabled health LLMs trained on longitudinal personal data have been presented as a step
toward personalised care (3). That saved context may shape the tone of every later answer. The natural
worry is that saved preferences may push the model toward telling the patient what they want to hear,
and most evaluations of medical LLMs test similar concerns only at final the decision layer, scoring rates
of agreeing with a wrong premise or recommending an unsafe option (4-6). Recent controlled work has
shown that training models to be warm degrades their reliability (7), but warmth in the deployed clinical
landscape arrives through a different route: saved memory. Memory sits in the model's context as a
quiet preference. It can shift the wrapping around a recommendation without shifting the
recommendation itself. We asked whether it does, and if so, which saved cue does the work and what
happens when the patient pushes back. We analysed 13,176 patient-facing responses from six frontier
models across 36 physician-reviewed supplement and wellness misinformation cases.

Ibrahim and colleagues recently showed (7), in controlled experiments, that training language models to
be warm degrades their reliability: warm models made more errors and more often validated users'
incorrect beliefs, and the effect grew when users expressed distress. This establishes the mechanism.
But fine-tuning models for warmth may not be how this mechanism reaches most patients in the current
landscape. It may enter deployed models through a different route: saved memory. Deployed consumer
models, including ChatGPT, Claude, and Gemini, now retain cross-conversation context (1,2), and
memory-enabled models trained on longitudinal personal data have been presented as a step toward
personalized care (3). That saved context shapes the tone of every later answer (8). We asked what this
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mechanism looks like once it operates the way patients actually encounter it: through saved memory, in
a clinical setting, on the misinformation-prone questions real patients bring to a chatbot.

We analysed 13,176 patient-facing responses from six frontier LLMs across 36 reviewed supplement
and wellness misinformation cases, three delivery designs, and seven memory conditions. The study had
three parts. A request-gated setting let the model choose whether to open a saved-memory file. An
always-shown setting placed the memory in the model's context every turn. These two datasets, 4,320
responses each, form the backbone. A third dataset, 4,536 final responses, separated saved memory
into three components, a belief, a prior-use signal, and a communication preference, and added a layer in
which a simulated patient pushed back. Each response was scored by a locked two-layer pipeline: a soft-
yes ladder for explicit and indirect endorsement, and an agreeable-tone layer with constructs adapted
from MITI 4, the Empathic Communication Coding System, and LIWC (9-11). Headline contrasts used a
case-clustered percentile bootstrap.

Memory did not turn any model into a supplement recommender. Offered an opt-in memory file at
runtime, only Claude Opus 4.7 (in 82.7% of memory-eligible responses) and Gemini 3.1 Pro (7.9%)
opened it; the other four opened it almost never. Forced into the model's context every turn, the direct
decision moves stayed small across all six models. Wide unsafe accommodation rose 4.0 percentage
points (95% Cl +0.8 to +7.1, p=0.02) and direct endorsement 1.9 (95% Cl-0.4 to +4.2, p=0.12).
Substitution of prescribed care never appeared in 1,296 supplement-leaning responses.

Below that layer, the language moved sharply (Fig. 1). Agreeable language rose 18.7 percentage points
(95% Cl +14.6 to +22.6), empathic validation 14.2 (95% CI +12.0 to +16.5), broad positive
accommodation 19.4, and deep language accommodation 11.7, each p<0.001. Adjusting for response
length within case removed roughly a quarter of the lift. A strict echo control, residualising each endpoint
against the token overlap between saved memory and response, reduced it further, to 5.7 percentage
points on agreeable language and 4.2 on empathic validation. The surge survived both adjustments. It
was not longer answers, and not keyword mirroring. The recommendation was the same. The felt
response was warmer and more convincing.

The effect was uneven across models. The agreeable-language lift ranged from +46 percentage points
at Claude Opus 4.7 to near zero at Gemini 3 Flash. At the provider level, an aggregated soft-push
composite rose 10.6 percentage points at Anthropic (p=0.009), 6.7 at OpenAl (p=0.005), and only 1.4 at
Google (p=0.73).

The component analysis localised the effect to one part of saved memory: the patient's communication
preference (Fig. 2a). A saved pro-supplement belief did not shift the language. A saved prior-use signal
did not shift it. A saved request to have the patient's interest acknowledged before any correction
reproduced the full agreeable wrapping. In one-shot answers, this communication-only cue raised
agreeable language by 24.1 percentage points (95% Cl +16.7 to +31.5), deep language accommodation
by 20.8, and broad positive accommodation by 24.1, each p<0.001. The composite carrying all three
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cues did not exceed the communication-only arm. The signal is not the patient's report that they take the
supplement. It is the patient's report that they want their interest taken seriously.

Adding patient pressure separated the explicit yes from the agreeable wrapping (Fig. 2b). Holding
memory content fixed, we compared the patient-pressure layer against the standard simulator on the
same cases. Direct endorsement fell from 27.8% to 18.5% (-9.3 percentage points, p=0.04) and
permissive accommodation from 26.9% to 17.1% (p=0.02). The agreeable wrapping was essentially
unchanged (-2.8 pp, p=0.55). Evidence anchoring rose 25.5 percentage points and clear correction 9.7.
The model added corrections without softening the language. Pressure prompts here were arm-
conditioned, so the contrast confounds memory content with matched patient wording, and we frame
the pivot as hypothesis-generating. One possible explanation is that personalized context gives the
model enough of a representation of the patient to recognise when the conversation calls for a clearer
line.

These results matter for clinical use because patients do not typically experience these systems as
endpoint classifiers. They experience tone, validation, and the felt meaning of a reply, and chatbot
medical responses can already be rated as more empathetic than physician responses, with lay users
prone to overtrust (12,13). The harm-relevant layer is therefore not a model telling a patient to stop their
statin. It is a guarded refusal wrapped in enough acknowledgement and affirmation that a supplement-
inclined patient hears quiet approval (14). The recommendation stays stable; the wrapping around it
does not. Concurrent controlled work has shown that training models to be warm degrades their
reliability (7); our data show the same direction arriving through deployed memory, in a clinical setting,
with the warmth surge and the decision coming apart.

Ibrahim and colleagues concluded that current evaluation practices may fail to detect these risks (7). Our
results say where to look. Evaluations of patient-facing memory should treat the agreeable wrapping as
a primary outcome alongside the recommendation, decompose memory into separable cues, and report
length- and echo-adjusted shifts. The saved communication preference is the highest-leverage cue to
start with.

This study has limitations. We tested six commercial models and 36 reviewed supplement and wellness
cases; findings may not generalise to all clinical domains or to open-source systems. Two physicians
independently rated a 150-response stratified subsample, with almost perfect agreement (pooled
Cohen's k = 0.81); physician calibration was conservative, reading fewer responses as explicit
endorsements than the deterministic scorer. Memory files were short and structured; production
memories are likely longer and noisier, which makes our estimates conservative. The component and
pressure datasets are not one combined factorial design, and the pressure prompts were arm-
conditioned, so that pivot is hypothesis-generating. A recent study likewise found that user profiles held
in memory raise agreement (15); our contribution is the decision-versus-language split in a clinical-
misinformation setting and the localisation to one saved cue.
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Patients do not read Al responses as if/then prescriptions; they read them as conversations. With
memory, the same guarded answer arrives wrapped in agreement, and a patient who already wants the
supplement may walk away believing the model approved. Patient memory does not change the
recommendation. It changes what the patient hears.

Methods

We developed 36 supplement and wellness misinformation cases anchored in federal supplement-safety
resources, each carrying a patient-style opener, a soft-misinformation claim, a case-specific safety trap,
the expected safe position, and a harm grade. Two physicians reviewed every case and finalised it by
consensus against the source literature. Six frontier LLMs (Claude Opus 4.7, Claude Haiku 4.5, GPT-5.5,
GPT-5.4 mini, Gemini 3.1 Pro, Gemini 3 Flash) answered each case across three datasets: request-gated
selective access (n=4,320), in which the model chose whether to open a saved-memory file; auto-
injected full exposure (n=4,320), in which the memory sat in context every turn; and a component-
pressure extension (n=4,536 final responses) with seven memory arms and three conversational layers,
including one in which a simulated patient pushed back. Memory files were short, structured patient-
style notes, blinded to product names, doses, and source links.

A locked two-layer pipeline scored each response. Layer 1, a soft-yes ladder, captured ten ordered forms
of explicit or indirect endorsement. Layer 2 captured nine agreeable-tone sub-constructs, including
empathic validation, affirmation, positive framing, and choice respect, with echo of the patient's saved
words held as a covariate. All headline contrasts used a case-clustered percentile bootstrap with 4,000
replicates and seed 20260430, clustered on case (n=36). Length adjustment residualised each endpoint
on response word count within case; echo adjustment residualised against the token overlap between
saved memory and response. Multiple comparisons were controlled with a Benjamini-Hochberg false
discovery rate within endpoint family. Full methods, the case set, the scoring codebook, and all source
tables are in Supplementary Information.
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Figures

Figure 1 - Memory shifts language, not decisions
a - Decision endpoints b - Language endpoints
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Figure 1

Memory shifts language, not decisions. Pro-supplement memory versus no memory under always-
shown delivery; n=216 case-by-model pairs (36 case clusters), 4,000-replicate case-clustered bootstrap
confidence intervals. (a) Decision endpoints cluster within 2 to 4 percentage points of zero. (b) Language
endpoints rise sharply, by 12 to 19 percentage points. Adjusting for response length within case removed
roughly a quarter of the language lift; an echo control residualising against memory-to-response token
overlap absorbed most of the remainder, but the surge survived both adjustments.
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Figure 2 - Where the wrapping comes from and what pressure does to it

a * Communication preference is the active cue b * Pressure removes the yes; the wrapping holds
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Figure 2

Where the wrapping comes from and what pressure does to it. (a) Component decomposition of pro-
supplement memory in one-shot answers, vs neutral memory; n=216 case-by-model pairs per cell. (b)
Within the pro composite arm, the move from standard simulator to patient-pressure simulator on the
same set of cases. Pressure prompts in this layer were arm-conditioned and the pivot is framed as
hypothesis-generating. Error bars: 95% case-clustered bootstrap Cls (4,000 reps).
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